Camera trapping is a powerful tool for studying mammal populations over large spatial scales. Density estimation using camera-trap data is a commonly desired outcome, but most approaches only work for species that can be individually recognized, and researchers studying most mammals are typically constrained to measures of site occupancy or detection rate. These 2 metrics are often used as measures of relative abundance and presumed to be related directly to animal density. To test this relationship, we estimated density, occupancy, and detection rate of male white-tailed deer (Odocoileus virginianus) using camera-trap data collected from 1,199 cameras across 20 study sites. Detection rate and density exhibited stronger positive linear correlation (r 2 = 0.80) than occupancy and density (r 2 = 0.27). When hunted and unhunted paired areas were compared, detection rate and density showed the same trend between paired sites 62.5% of the time compared to 87.5% for occupancy and density. In particular, agreement between estimates was lowest for pairs of sites that had the largest differences in surrounding housing density. Although it is clear occupancy and detection rate contain some information about density, models suggested different ecological relationships associated with the metrics. Using occupancy or detection rate as proxies for density may be particularly problematic when comparing between areas where animals might to move or behave differently, such as urban-wild interfaces. In such cases, alternate methods of density approximation are recommended.
Accurate estimates of abundance are important for wildlife research and management. Animal density is often difficult to estimate and several other metrics are used instead as measures of relative abundance. Camera traps are an increasingly popular tool for studying animal occurrence because they collect data on many different species simultaneously, and are capable of covering broad spatial scales (Kays et al. 2011) . Absolute density, however, can only be calculated when individual animals are recognizable in photographs (Karanth and Nichols 1998) or when additional data on movement rates are available (Rowcliffe et al. 2013) . Since most mammals are not individually recognizable, practitioners are constrained to using measures of site occupancy or detection rate from camera trapping as indices of abundance and density. These 2 metrics are often considered measures of relative abundance, and are presumed to have a direct, linear, and constant relationship with animal density (Pollock et al. 2002; Sollmann et al. 2013 ).
The use of detection rate or occupancy as surrogates of density has been controversial (Carbone et al. 2001; Jennelle et al. 2001; Noon et al. 2012; Sollmann et al. 2013) . Although a positive relationship between detection rate or occupancy and abundance seems intuitive, it may not hold if detection probabilities vary across space or time because of changes in environmental conditions, animal behavior, or study methods (Sollmann et al. 2013) . Although the performance of indices such as detection rate or occupancy can be improved through refinement of study design, such as randomized camera placement (Rowcliffe et al. 2013 ) and index calibration (Stephens et al. 2015) , their reliability in practice is still debated. Occupancy in particular may be unable to approximate density because of the asymptotic nature of the estimator (i.e., density can continue to increase at 100% site occupancy) and behavior of the target species (i.e., territoriality- Noon et al. 2012; Lewis et al. 2015) .
Despite these constraints of heterogeneity in detection probability, scale, and behavior, there have been several recent papers relating detection rate (Rovero and Marshall 2009; Villette et al. 2016) and occupancy (Tempel and Gutierrez 2013; Clare et al. 2015; Linden et al. 2017 ) to density, and reporting variable levels (r 2 = 0.48-0.95) of correlation. Nevertheless, largescale studies evaluating multiple indices of density are needed to determine index performance under a broad range of conditions to help practitioners identify when and if use of an index is appropriate given that the use of camera traps is growing rapidly , with standardized surveys over increasingly large areas (Mcshea et al. 2016) .
Perhaps no species in the world has been counted as much as white-tailed deer (Odocoileus virginianus), because of its importance for ecology and wildlife management across North America (Royo et al. 2010; Averill et al. 2016) . Despite such extensive counting, relationships between density and occupancy or detection rate collected via camera trapping are unknown, and the extent to which each can be used to address targeted management questions has not been established. In this study, we compare occupancy and detection rate of male white-tailed deer with density estimates derived from spatially explicit capture-recapture models using camera-trap data collected across 20 protected areas.
Materials and Methods
Citizen science camera-trap surveys.-From August to January 2012 and 2013, 376 trained volunteers deployed 1,199 unbaited camera traps across 20 protected areas in the southeastern and mid-Atlantic United States (Fig. 1) . The majority of sampling took place outside of the hunting season (Table 1) , with sampling at a few sites (n = 3) stretching into the hunting season. We defined "protected areas" as publicly owned and managed land protected from private development. We considered each individual camera as a "camera site," and set them in groups of 3 (hereafter "transect"): on, near (50 m), and far (200 m) from a hiking trail. We chose trail locations at random without regard for the distance to the trailhead. We placed the 50-m and 200-m cameras at perpendicular Euclidean distances from the trail camera and faced them in the clearest direction to maximize detection distance. We determined the direction from the trail based on proximity to adjacent transects and accessibility (i.e., slope). We avoided inappropriate off-trail locations (i.e., briar patches, steep slopes) and moved cameras to a better location within 20 m of the original point. We spaced all adjacent cameras not within the same transect at least 200 m apart. Volunteers used Reconyx (RC55, PC800, and PC900; Reconyx, Inc., Holmen, Wisconsin) and Bushnell (Trophy Cam HD; Bushnell Outdoor Products, Overland Park, Kansas) camera traps attached to trees at 40 cm above the ground. We operated cameras for 3 weeks at a site and then moved them to a new location, fully sampling each protected area within 3 months. We sampled some protected areas twice, in 2 different years, each time for a period of approximately 3 months. Cameras recorded multiple photographs per trigger, at a rate of 1 frame/s, re-triggering immediately if the animal was still in view. To determine the level of spatial autocorrelation given our camera spacing, we used geoR (Ribeiro and Diggle 2001) in Program R to fit exponential covariance functions to our empirical variograms derived from our detection rate data within each protected area and year. We used the fitted models to determine the practical range, which is the distance at which spatial correlation becomes negligible.
For analyses of detection rate, we grouped consecutive photos into sequences if they were < 60 s apart; we deemed grouped sequences as a single sample (see Parsons et al. 2016) . For example, the presence of the same deer for 20 min represented a single detection. The next deer detection would begin > 60 s after the last deer had left the field of view of the camera. Subsequently, we binned independent detections by day for analyses of occupancy and density. Initial species identifications were made by volunteers using customized software (eMammal.org) and all were subsequently reviewed for accuracy before being archived at the Smithsonian Digital Repository (Mcshea et al. 2016) .
Model covariates.-We modeled variation in density, detection rate, and occupancy (ψ) using 4 covariates representing the amount of core forest, human activity, coyote (Canis latrans) activity, and hunting. We based our choice of covariates on previous studies of deer in this system (see Kays et al. 2016; Schuttler et al. 2017) . We used the Landscape Fragmentation Tool v2.0 (Vogt et al. 2007 ) and the NLCD 2006 (Fry et al. 2011) in ArcMap (Version 10.1; ESRI, Redlands, California) to create a landcover layer representing the percentage of large, core forest (forest patches larger than 2 km 2 ) in a 5-km radius. We represented human and coyote activity using site-specific detection rates (the number of detections divided by the total number of camera nights). We represented whether a protected area allowed hunting or not as a categorical variable. We modeled detection probability (p, g 0 , σ; see below) using 2 covariates: distance to the trail (categorical: on, near, far) and detection distance, a site-specific covariate representing the farthest distance at which the camera triggered on a human. We diagnosed univariate correlations between covariates using a Pearson correlation matrix to verify that all variables included in models were correlated at r < 0.60. We mean-centered covariates and included all covariates in model selection exercises for density, occupancy, and detection rate. Density estimation.-We identified male deer when antlers were present (August-January) by their unique antler-branching pattern. We conducted initial double-blind tests to verify our ability to identify individuals from a random subset of 100 photographs over 34 camera deployments, scoring the percentage of identifications where 2 independent observers agreed. We did not consider photos of antlerless deer or photos where the head could not be seen. We censored poor-quality photos from the analysis. We defined each protected area in each year as a closed session and defined each day within the session as an occasion. Since cameras operated for a maximum of 3 months within a protected area, we considered that closure was a reasonable assumption. We fit maximum-likelihood, spatially explicit capture-recapture models (hereafter SECR) using package secr in Program R (Efford et al. 2009; Team 2015; Efford 2017 ). These models contained 2 detection parameters: g 0 represents an individual's detection probability at its activity center and σ represents the detection probability decay as a function of distance from its activity center (Royle et al. 2014 ). We tested 3 σ models with different covariates using the most parameterized g 0 and density models, 5 g 0 models using the top σ models and most parameterized density models, and 10 density models using the top σ and g 0 models (Supplementary Data SD1 and SD2). In addition to the covariates described above, we incorporated a site-specific heterogeneity term in g 0 and σ using the parameter K, a site-transient response wherein site effectiveness depends on the preceding occasion. We converted continuous covariates to categorical high (75-100% quantile), medium (50-75% quantile), and low (0-50% quantile) to reduce computation time and ensure model convergence (Efford 2017) . We edited habitat masks to remove large amounts of water that represented barriers to movement (i.e., rivers more than 1 km wide). We used AICc for model selection to determine the top model for density estimation, which was used to generate session-specific density estimates and beta coefficients. We assessed model fit for the top models using a simple Monte-Carlo goodness-of-fit test that simulates data under the model (Efford 2017) .
We verified our SECR density estimates by comparing them to density estimates derived from distance sampling (spotlighting) in 7 protected areas. We surveyed transects 1-2 km long with randomly selected starting points until a minimum of 50 observations were recorded. We performed surveys from a truck moving between 13 and 19 km/h, and observers used spotlights to detect eye shine of deer. We measured the distance to detected deer and azimuth with a handheld laser rangefinder. We used program DISTANCE (Thomas et al. 2010 ) to determine if the data met distance sampling assumptions and if data needed to be truncated at a certain observation distance (Buckland et al. 2001) . We used the CDS engine in program DISTANCE to estimate abundance of deer and used the delta method to calculate variation in the sample and estimate coefficient of variation and confidence intervals (CIs- Thomas et al. 2010 ). Because our spotlighting data did not distinguish the sex of animals, we adjusted spotlighting estimates to compare to SECR density estimates of male deer assuming a 2:1 female to male sex ratio in unhunted areas (Denicola et al. 2008 ) and a 4:1 ratio in hunted areas (Van Deelen et al. 1997; Campbell et al. 2005) .
Occupancy estimation.-We used the single-season occupancy modeling framework of MacKenzie et al. (2006) and estimated detection probability (p), defined as the probability of detecting an occurring species at a camera site, and occupancy (ψ), defined as the expected probability that a given camera site is occupied, for each species. We constructed these models using the RMark package (Laake 2013) in Program R. We used Quasi-Akaike's Information Criterion (QAIC) due to overdispersion. For each model, we computed QAIC, difference in QAIC from the top-ranked model (ΔQAIC), and Akaike weights. We first selected the top detection probability model using the most parameterized occupancy model, then used the top detection probability model in the occupancy model selection. We used the top model to calculate parameter estimates, SEs, and significance (based on 95% CI overlapping zero) for each covariate and to estimate ψ. We assessed goodness of fit by fitting the top model using 75% of the data, then testing the ability of the model to predict using the remaining 25%. We compared estimates from training and testing trials and reported mean squared errors (Supplementary Data SD3) .
Detection rate models.-Detection rate is defined as the number of detections of an animal divided by the amount of time the camera operated and is computationally different, though operationally similar, to the detection probability portion of an occupancy model. We conducted a suite of 30 detection rate models (Supplementary Data SD4). We assumed the number of detections of male deer obtained at camera-trap site i was a Poisson random variable:
We modeled the expected number of photographs at site i as a log-linear model:
where x i is a vector of covariates and β is a conformable vector of slope parameters; the offset term is equal to the log of the number of days camera trap i operated; and ε ~ iid N(0, σ 2 ), and is meant to capture additional variation in the number of male deer detections. We assumed independent normal prior distributions for the slope parameters (β ~ N(0, 10I)) and we assumed a uniform prior distribution for the random error SD parameter (σ ~ Uniform(0, 10)). We modeled protected area and year as random effects. We analyzed for and subsequently removed outliers by comparing the distribution of actual detection rates of each species (number of detections per camera site/ total camera duration in days) compared against a simulated fitted negative binomial distribution, using the Dixon outlier test value (Dixon 1953) in Program JMP (Sas 2012) . We used this analysis to identify the 2 most extreme outliers and their associated P-values of < 0.10. We also visually examined cumulative frequency graphs to confirm outliers.
We assessed model fit with posterior predictive checks (PPCs- Kery and Schaub 2012; Gelman et al. 2014) . We calculated the sum-of-squared Pearson residuals from observed data (T(y)) and from data simulated assuming model (1) was the data-generating model (T(y sim )). We calculated a Bayesian P-value as P B = Pr(T(y sim ) > T(y)) from posterior simulations and assumed adequate fit if 0.1 < P B < 0.9.
We fit detection rate models in OpenBUGS v3.2.3 (Lunn et al. 2009) via R2OpenBUGS v3.2 (Sturtz et al. 2005 ) in R v3.1.0. We based inference on posterior samples generated from 3 Markov chains using the most parameterized model. We used trace plots to determine an adequate burn-in phase. After discarding burn-in samples, we saved every ith sample and ran simulations until all chains adequately converged (Rhat ≤ 1.1- Gelman et al. 2014) . We used the most parameterized model for estimates.
Model estimate comparisons.-We compared the estimates resulting from occupancy, detection rate, and density models in 2 ways. First, we plotted pairwise comparisons of each metric for each protected area to determine the level of correlation between estimates (i.e., occupancy versus density, detection rate versus density, and occupancy versus detection rate). We assessed correlation strength using the coefficient of determination r 2 , which is the amount of variation in 1 variable explained by another; we discuss this as "correlation" since our comparisons are univariate. We tested logarithmic and linear correlations for each pairwise comparison. Second, as an example of using these 3 metrics to test the effects of management actions, we compared paired sites that differed in the presence or absence of hunting. This comparison allowed us to evaluate the importance of the imperfect match between metrics in a small-scale, real-world management application.
results
We surveyed 20 protected areas using 1,199 cameras over 26,635 trap nights. Each protected area was surveyed for an average of 1,331.8 (SE = 91.5) trap nights using 60 (SE = 4) cameras (Table 1) . We recorded 1,017 antlered male deer events and identified 394 individuals an average of 2.58 (SE = 0.12) times each with 77% observer agreement. Our analysis of spatial autocorrelation showed that most parks (83%) had practical ranges approximately at or below the 50-m minimum spacing of our cameras, indicating negligible spatial autocorrelation (Supplementary Data SD5). During initial model testing, we identified 2 protected areas that were outliers, with relatively high SEs: Greenbelt Park and Gambrill State Park. Density estimates for these parks were high; however, detection rate was low (Supplementary Data SD6). These 2 areas also were small, closely surrounded by urban development, and had a small sample size for number of cameras (553 and 875, respectively). Therefore, we treated data from Greenbelt Park and Gambrill State Park as outliers and removed them from subsequent analyses.
All models fit the data well (Supplementary Data SD2-SD4). Density estimates for male deer, after removal of the 2 protected areas with high SEs (Supplementary Data SD6) , ranged from 0.18 (SE = 0.07) to 13.08 (SE = 4.60) male deer/km 2 . Density estimates from spotlighting ranged from 0.16 (SE = 0.03) to 8.53 (SE = 1.13) male deer/km 2 , occupancy probability ranged from 0.19 (SE = 0.05) to 0.96 (SE = 0.05), and detection rate ranged from 0.01 (SE = 0.003) to 0.51 (SE = 0.02) male deer/ day (Supplementary Data SD6). Density estimates from spotlighting and SECR corresponded well with 95% CIs in most parks overlapping (Supplementary Data SD7) . Pairwise correlations between density estimated by SECR, occupancy, and detection rate were variable with linear correlation of density and detection rate being strongest, followed by logarithmic correlation of occupancy and detection rate, and weak correlation between density estimates and occupancy (Fig. 3) . When hunted and unhunted paired areas were compared, detection rate and density showed the same trend, accounting for 95% CIs, between paired sites 62.5% of the time compared to 87.5% for occupancy and density (Fig. 2) .
Detection models for both density and occupancy showed support for detection distance and camera distance from the nearest trail (Supplementary Data SD1-SD4). The top detection rate model showed a significant negative relationship with large, core forests and significant positive relationship with coyote activity. The top occupancy model showed a significant negative relationship with year and the next 2 models in the list included terms for coyote activity and large, core forest (Table 2) , showing a significant positive relationship with coyote activity (95% CI: 0.05, 0.41) and significant negative relationship with large core forest (95% CI: −1.45, −0.1), respectively. The next best occupancy model included humans as a predictor (Table 2) but it was not statistically significant (95% CI: −023, 0.07). Neither coyote activity nor forest appeared in the top density models, which only had a significant positive relationship with human activity. Hunting was the only other predictor present in the top density models, though it did not have strong support compared to other predictors. Coefficient directions were similar for all models except for human activity, which was positive and significant in the density models and negative in occupancy and detection rate models, although not significant (Table 2 ).
discussion
Although several recent studies have examined the relationship between detection rate, occupancy, and density from camera trapping, most only consider single sites or a comparison of a single index to density (Rovero and Marshall 2009; Gopalswamy et al. 2012; Ferreguetti et al. 2015) . Our broadscale, citizen-science survey over multiple sites allowed us to estimate density of male deer under a variety of conditions to determine how well density is reflected by measures of detection rate and occupancy from camera traps. When we examined relationships across many protected areas, correlation between density and detection rate was high and correlation between density and occupancy low, improving with the removal of small, highly urban sites that had high density and low detection rate or occupancy. However, when we compared pairs of individual protected areas that differed in whether deer were hunted or not hunted, patterns of detection rate mirrored patterns of density for only 62.5% of paired sites compared to 87.5% for occupancy. Pairs of sites with the greatest difference in housing density showed the highest disagreement between detection rate or occupancy and density.
Urban parks in particular tended to be outliers when assessing the correlation between density and detection rate or occupancy. We identified 2 protected areas wherein the relationship between density, occupancy, and detection rate seemed to be problematic. Both were small (< 8 km 2 ), had a relatively low number of camera nights, and were surrounded by a suburban landscape that was densely populated. We detected a large number of individual males at these sites, resulting in high density but low detection rate and occupancy. Removal of data points from these 2 sites improved the correlation for all relationships ( Fig. 3 ; Supplementary Data SD8). It is possible that deer are moving differently in these cases, bedding down in the forest during the day and foraging more widely in developed areas, where we did not sample, at night (Kilpatrick and Spohr 2000; Grund et al. 2002) . This would result in the reduced detection rate and occupancy relative to density since, although animals may move through forests and be detected, their intensity of use would be low due to a lack of foraging activity there. Similar results have been found with bobcats (Lynx rufus) and pumas (Puma concolor) in urbanized landscapes, which have fewer options for places to travel due to anthropogenic barriers to movement. These cats are funneled along more restrictive movement corridors, leading to lower correlation between estimates of detection rate and occupancy with density (Lewis et al. 2015) .
The low correlation (r 2 = 0.27) of occupancy and density contrasts with other studies that have found much higher correlation between these 2 metrics (Tempel and Gutierrez 2013; Clare et al. 2015) . The low correlation in our study appears to be driven by sites where occupancy was high, but density low. This scenario might arise when animals exist at low density and range widely, moving large distances to find adequate food or mates, or to escape hunting pressure. High occupancy and low density also have been found with ravens (Corvus corvax) nesting in oil fields where good foraging sites are lacking and adults must range widely to feed (Bui et al. 2010) . Camera-trap surveys with species that range widely in continuous habitat may not be ideal for occupancy analysis because they violate the assumption of closure. Indeed, defining a site to be occupied (or not) when camera trapping in continuous habitat is problematic (Burton et al. 2015) . Thus, occupancy estimates become measures of use and are more analogous to detection rate models than to true occupancy models (Efford and Dawson 2012) . Black triangles denote a difference in trend between density and detection rate (i.e., trend was negative for one and positive for the other or vice versa) and the black star denotes a difference in trend between density and occupancy. Trend differences take into account SE, shown by the bars. The x-axis is sorted in order of surrounding housing density (average houses/5-km radius). While detection rate and occupancy typically returned the same trend with each other, detection rate aligned with density 62.5% of the time, and occupancy aligned with density 87.5% of the time.
By contrast, detection rate was correlated positively (r 2 = 0.80) with density, similar to studies with other species (Rovero and Marshall 2009; Villette et al. 2016) , with unexplained variation likely due to differences in detection probability between sites. That factors other than density could impact the number of animals photographed has made the use of detection rate as an index of abundance or density particularly contentious despite good correlation (Carbone et al. 2001; Jennelle et al. 2001; Sollmann et al. 2013) . Indeed, although correlation was high when a large number of protected areas were considered, comparisons of deer density and detection rate between neighboring sites that were hunted or not hunted were less encouraging. Where the differences in habitat (i.e., local housing density) between sites is large, detection rate or occupancy indices may become biased. In a management context, using detection rate or occupancy could lead to the conclusion that hunting produces an increase or decrease in density of male deer contrary to what is shown by absolute density estimates ( Fig. 2 ; Supplementary Data SD9). Both occupancy and detection rate seemed to serve as better indices of deer density when the housing density surrounding protected areas was similar between pairs ( Fig. 2 ; Supplementary Data SD9). This result suggests these indices should be avoided when comparing sites that differ drastically in habitat or surrounding matrix. Although the vast majority of our data were collected outside of the hunting season, we also expect differences in movements of male deer within and outside of the hunting season, leading to difficulty in interpretation of detection rate and occupancy comparisons.
Although neither detection rate nor occupancy can substitute for density in all circumstances, both contain information about density and can reliably reflect related ecological processes. For example, occupancy and detection rate may be useful in monitoring the relative abundance of a species over time or assessing habitat relationships (Tobler et al. 2009; Rovero et al. 2014 ). Relative abundance is related to density, but also to movement dynamics and detection probability. Assuming detection probability stays the same over time (a potentially risky assumption), relative abundance can give information about movement and density, but without the ability to decouple them. Occupancy may be more appropriate for long-term monitoring because it can account for changes in detection probability over time (Simons et al. 2007) . When the target species is common, however, the occupancy estimator will asymptote (Lewis et al. 2015) , in which case any further information on increased relative abundance of that species will be lost unless intensive sampling is undertaken (Mackenzie and Royle 2005) . In these cases, detection rate may add information to the story told by occupancy and using both simultaneously may be advantageous, especially for abundant species (see Kays et al. 2016) . Improvement in the performance of both metrics may be achieved by thoughtful use of covariates (i.e., Linden et al. 2017) .
Our model selection exercise indicated that density of male deer was correlated positively with intensity of human use, whereas occupancy and detection rate were correlated negatively with the amount of large, core forest and correlated positively with coyote activity (presumably coyotes were attracted to deer and not vice versa). These results highlight the differences between these metrics in terms of the ecological processes measured. Occupancy and detection rate measured animal activity, relative use, and distribution, whereas density models estimate the number of animals in an area. Our results suggest that relative use by male deer is highest along the forest edges of protected areas, whereas our density models suggest that protected areas with higher human activity support higher density populations of male deer, with core forest being a poor predictor of density. This is likely an effect of hunting since unhunted areas had many more hikers than hunted areas and a stronger relationship between humans and density of male deer (Supplementary Data SD10). The question of whether or not indices of abundance or density are accurate and reliable is important to wildlife conservation and management because practitioners often seek or rely on inexpensive and noninvasive methods to assess the status of wildlife populations. Nevertheless, indices are not often validated against other more accepted methodologies (but see Clare et al. 2015; Villette et al. 2016; Linden et al. 2017) . Our survey using camera traps over 20 sites indicated that detection rate performed well as a surrogate for density of white-tailed deer over large spatial scales and a wide range of densities, but was unreliable when sites that differed in local habitat were compared. In contrast, occupancy was much less useful in predicting density in our overall data set, but showed better agreement with density in our pairwise comparisons. Our results indicate that using detection rate or occupancy are likely tenuous proxies for density for comparisons between areas where animals are expected to move or behave differently. Further development and testing of alternative methods of density estimation with data from cameras would help make reliable estimation of density possible in areas where other more invasive, costly, or computationally difficult approaches are not feasible. Camera traps are a versatile, noninvasive tool that have revolutionized data collection in mammalian ecology (Kays et al. 2011 ) and further refinement and development of analytical techniques for camera-trap data will help lead to stronger inferences and improve the utility of camera traps into the future.
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